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Abstract: High resolution data on plant available potassium (Ka) is crucial to optimize variable
rate potassium fertilizer recommendations, and subsequently improve crop growth and yield. A
gamma-ray passive spectrometry sensor was evaluated for on-the-go mapping and management
of the spatial distribution of Ka over a 8.4 ha field at Huldenberg, Belgium. During the on-the-go
measurement, a 5 s sampling interval was used while driving at 3 km/h speed along 10 m parallel
transects. Two calibration models to predict Ka across the field were developed and compared: (1) a
simple third order polynomial function (3DPF) was established between the sensor reading of the
naturally occurring radioactive isotope of potassium (K-40) and laboratory measured Ka and (2) a
partial least squares regression (PLSR) model linking gamma-ray spectra and laboratory measured
Ka. Although a relatively small number of samples (45 samples) were used for the development
of the PLSR calibration model, the cross-validation analysis resulted in a very good performance
with a coefficient of determination (R2) of 0.85, a residual prediction deviation (RPD) of 2.67, a root
mean square error of cross-validation (RMSECV) of 2.29 (mg/100 g) and a ratio of performance
to interquartile distance (RPIQ) of 2.61. This was a much better result that that obtained with
the 3DPF model (R2 = 0.69). The spatial distribution of Ka developed based on 3DPF and PLSR
methods showed great similarity with the corresponding map developed using the data from the
laboratory analysis. The calculated variable rate fertilizer recommendation based on gamma-ray data
showed marginal differences in the amount of K2O fertilizer applied, compared to the uniform rate
fertilization based on the conventional laboratory chemical soil analyses. The on-the-go measurement
of Ka using gamma-ray spectrometry shows high potential, although the technology needs to be
evaluated in a larger number of fields.
Keywords: gamma-ray spectrometry; available potassium; modelling; PLSR; variable rate potas-
sium fertilization
1. Introduction
Plant available potassium (Ka) is an important nutrient for plant water regulation and
metabolic pathway activation, which influence plant growth [1]. Ka is part of exchangeable
potassium (K), which is bound to the surfaces of clay minerals or can be found between the
layers of clay minerals [2]. However, the majority of total occurring potassium (Kt) found
in soils is non-exchangeable K, which is bound into either a crystal lattice formation or
between layers of phyllosilicates as fixed K [3]. Ka is the only K form that can be used by
plants. Therefore, determining Ka is important to manage K fertilization towards increased
crop production. Conventional methods of soil analysis are usually not efficient because
they are very slow, costly, time consuming, and are associated with certain ecological
hazards [4]. The need for the development of more time and cost-efficient ways of analyzing
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Ka is driving the scientific community to establish indirect estimation methods based on
proximal soil sensors (PSS) [5].
Despite considerable effort having been made in the determination of Ka, none of the
PSS techniques except electrochemical sensing technology (e.g., [6,7]) have been proven to
be capable of providing sufficiently accurate results [5,8]. However, electrochemical sensors
are complex and not reliable for on-the-go measurement modes, that are necessary to collect
high density soil samples and analyze them in real time. Although very few on-the-go sys-
tems using electrochemical sensing techniques to measure Ka are reported in the literature
(e.g., Adamchuk et al. [9] reporting coefficient of determination (R2) = 0.61–0.62), these
have never found their way into practical applications. Therefore, there is still a need for
an on-the-go sensor to map Ka, which is essential for variable rate potassium fertilization.
Passive gamma-ray spectroscopy is one of the potential sensing candidates to measure
Ka. This is due to the fact that the crystal detector detects energy emitted by the soil due
to the natural decay of radioisotopes, including thorium (Th-223), uranium (U-238) and
potassium (K-40). It is a non-invasive and non-destructive method, and is absolutely safe
to use due to passive detection of the natural decay of radioisotopes without the need
for an energy source. It is suitable to be configured on a mobile platform for on-the-go
measurements with a range of the detection up to 8 m, and it can be synchronized to
digital GPS data [10]. Gamma-ray spectroscopy was reported to measure and map pH,
total nitrogen, Ka and texture [10–12], and can be used to map soil with high sampling
resolution when mounted on a moving vehicle [5,13].
Although correlations between Ka and K-40 exist [14,15], the potential of ground
gamma-rays for measuring Ka in soils has not been fully explored [10,14–18]. Wong and
Harper [14] examined the correlation between Ka with K-40 count in the Jerramungup
region, Australia, reporting a high correlation (R2 = 0.93). However, the authors reported
that the correlation model was considered unreliable to replace the traditional K test.
Pracilio et al. [15] reported a less good correlation (R2 = 0.75) of Ka with K-40, at a site in
Western Australia. Viscarra Rossel et al. [10] obtained a fair prediction of Ka (R2 = 0.61)
using the bagging-partial least squares regression (PLSR) method and gamma-ray spectra.
Although Dierke and Werben [18] reported significant correlations between K-40 and Ka
(r = 0.67, p < 0.05), they concluded that K-40 is not applicable for the indirect mapping of
Ka under their specific study conditions, indicating that the estimation is possible if Ka in
soils shows a major proportion of the Kt. Whether or not successful prediction of Ka using
gamma-ray spectrometry depends on successful correlations between K-40 and Ka, is still
a research question to be answered. The literature shows very limited studies comparing
the prediction accuracy of simple regression analysis of K-40 versus Ka with that of spectra
based regression to predict Ka [18,19]. Furthermore, to the best of our knowledge the
evaluation of the potential benefit of using on-the-go gamma-ray sensing for variable rate
K2O fertilization compared to the traditional method has not been reported.
The aim of this research is to evaluate the potential of on-the-go gamma-ray spec-
troscopy for predicting Ka in an agricultural field. The objectives were to: (1) compare the
accuracy between the simple nonlinear polynomial and PLSR method for predicting Ka;
(2) evaluate the suitability of adapted soil sampling method for collecting reference soil
samples for developing the calibrating models of Ka, and (3) compare the amount of K2O
needed for traditional uniform rate with that for variable rate fertilization, based on an
on-the-go predicted Ka map, produced with the two calibration methods.
2. Materials and Methods
2.1. Study Area
The experiment was carried out in Voor de Hoeve field (VH), near Brussels in Flanders,
Belgium. The 8.5 ha target field is located in Huldenberg with longitudes of 4.34◦ and
4.45◦ W, and latitudes of 50.1◦ and 50.2◦ N (Belgian Lambert 1972) (Figure 1). The elevation
ranged between 78 to 120 m above sea level. This field is characterized by a warm summer
with daily mean air temperatures from 11 ◦C to 23 ◦C and a cold winter with temperatures
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ranging from 1 ◦C to 8 ◦C. The average annual rainfall is 800 mm [20]. The target field is
cultivated with potato, winter wheat, barley, and oil seed rape or sugar beet in rotation.
The result of the texture analysis using the Pipette method of representative samples
(5) indicated that the dominant soil texture is a silt loam (sand = 9.5%, silt = 78.5, and
clay = 12%). Eutric Nudiargic Retisols (Siltic) characterize the plateau positions, while
Haplic Luvisols (Siltic, Colluvic) and Eutric Cambisols (Siltic) are found in the colluvial
thalwegs and bottom parts, respectively [21,22]. The apparent electrical conductivity (ECa)
ranged between 0.23 and 0.79 dS/m. The soil organic matter (SOM) ranged between 1.55%
to 4.9%.
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2.2. On-The-Go Gamma-Ray Spectrometer and Measurement
The on-the-go measurement system designed and developed to measure the gamma-
ray radiation consisted of a Gamma Surveyor (GS) Car portable gamma-ray spectrometer
(GF Instruments, Brno, Czech Republic), fixed to a metal frame, which was attached to
a tractor by means of the three-point linkage (Figure 2). The spectrometer had a 4 L
NaI(Tl)-crystal, automatic peak-stabilization detector, with 512 channels and an energy
range between 100 keV and 3 MeV. It was powered by a 12 V DC power supply that
can be supplied from a tractor or an independent battery. Along with the gamma-ray
data, sampling position was recorded with a differential global positioning system (DGPS)
(CFX-750 RangePoint RTX, Trimble, CA, USA), with 30 cm accuracy. The DGPS data
output was synchronized with the gamma-ray data, and was recorded in one text file for
data processing and analysis. Figure 2 shows the on-the-go measurement setup with the
gamma-ray sensor.
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On-the-go measur ment followed by soil sampling was conducted in the spring
of 2018. During the on-th -go measurement, a 5 s sampling interval for gamm -ray
measurement was used. Data quality of the calculated concentration of radioactive decay
of isotopes improves with measuring time at a point [23]. Thus, the speed of measurement
is an important parameter to set correctly for ga m -ray measurements in order t collect
sufficient total coun s to enable successful spectr l nalysis. Therefore, the on-the-go data
wer recor ed t a speed of 3 km/h. The measured count per seconds (cps) was conv rted
for each data point into concentrations of K-40 (%), Th-230, and U-238 (ppm) using the
supplier’s software (GF Instruments, Brno, Czech Republic). The sensor was driven along
parallel lines of 10 m gap intervals between neighboring lines.
2.3. Soil Samples and Laboratory Analysis
A total of 45 soil samples (5 samples/ha) were collected during the on-the-go mea-
surement of VH field, to be used for Ka analysis. The positions of samples to be collected
were defined in advance based on the measurement of the apparent electrical conductivity
(ECa) maps measured in the previous year using an electromagnetic induction sensor
(EMI) connected to a quadbike. The ECa maps enable exploring the within field variability,
hence, ECa is frequently used in research and commercially to determine locations in the
field where soil nutrient levels differ [5,24–26]. Because ECa can directly measure key soil
properties, such as soil water content, cation exchange capacity (CEC), and texture [27,28],
it has the potential to identify management zones with differing productivity potential and
nutrient requirements [26,29]. The field was divided into 10 m by 10 m cells, as illustrated
in Figure 3. Static gamma-ray point measurements were taken during the on-the-go mea-
surement, whereas the instrument was placed at each cell for 5 min at the same position.
At each position, a composite sample of five surface sub-samples (0–30 cm), was collected
using the W-shape sampling protocol over a square area of 100 m2 (10 m by 10 m) (Figure 3).
Another set of soil samples were collected each as a composite sample over 1.2 m distance
and 0–20 cm depth, from three other fields, e.g., Kouter (Huldeberg, Flanders, Belgium),
Beers and Watermachine (De Panne, Wallonia, Belgium) (Table 1). This was done in order
to acquire large number of samples, necessary for running PLSR analysis. These three fields
were referred to as “sampling fields”, whereas the VH field was termed the target field.
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Table 1. Summary statistics of laboratory measured available potassium (Ka) of soil samples, collected
from (a) SF (a single Voor de Hoeve target field), (b) SF-CB (45 samples from SF spiked with 5 samples
from Bottelare field), and (c) SF-SL (25 samples from SF spiked into 113 samples collected from
Bottelare field and three other fields from a spectral library).
Dataset No Min Median Mean Max 1stQ 3rdQ SD
(a) SF K-40 (%) 45 0.10 0.50 0.47 1.10 0.40 0.60 0.16
Ka (mg 100 g−1) 45 19.0 24.0 26.2 52.0 23.0 29.0 6.1
pH 45 6.0 6.4 6.6 7.7 6.2 7.1 0.5
TOC (%) 45 0.8 1.0 1.1 2.0 1.0 1.1 0.2
P (mg 100 g−1) 45 9.0 15.0 16.0 29.0 14.0 18.0 4.2
Mg (mg 100 g−1) 45 10.0 14.0 18.7 44.0 12.0 26.0 9.4
Ca (mg 100 g−1) 45 144.0 194.0 285.8 962.0 174.0 338.0 184.2
Na (mg 100 g−1) 45 1.3 2.3 2.3 3.2 1.9 2.6 0.5
(b) SF-CB Ka (mg 100 g−1) 50 19.0 24.0 26.4 52. 23.0 28.7 6.2
(c) SF-SL Ka (mg 00 g−1) 138 10.0 24.1 25.4 54.0 22.0 29.0 7.1
N = number of samples; Min. = Minimum; 1st Qu. = first quartile; 3rd Qu. = third quartile; SD = standard
deviation; TOC: total organic carbon.
The collected sa ples were transferred to the Soil Survey of Belgium (https://www.
bdb.be/), to be analyzed for pH, total organic carbon (TOC), and available potassium
(Ka), sodium (Na), calcium (Ca), magnesium (Mg), and phosphorous (P). Soil pH was
measured in the supernatant, after shaking and equilibration for 2 h in mol/L potassium
chloride solution (KCl), using a 1:2.5 soil:solution ratio. TOC was determined using the
dry combustion following Dumas principle (ISO 10694; CMA/2/II/A.7; BOC). For the
determination of TOC content, total inorganic carbon (TIC) compounds are removed in
advance by treating a soil sample with hydrochloric acid. The TIC-free sample is then
heated to 900 ◦C and the amount of organic matter in the sample is oxidized and converted
to CO2. The amount of CO2 is measured by a solid state nondispersive infrared detector,
and the results are reported as TOC c ntent in both the mass and concentration of carbon.
The avail ble K, P, Ca, Na, and Mg were easured in ammonium lactate extract with
inductively coupl d plasma atomic emission spectro copy (ISO 11885; CMA 2/I/B1).
2.4. Analyses
Two type of analyses were used, namely, univariate and multivariate, to establish
relationships between the Ka and K-40 and Ka and gamma-ray spectra, respectively, as
detailed below.
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2.4.1. Univariate Analysis
The correlation between the Ka contents (mg 100 g−1) and K-40 values (%) produced
by the gamma-ray sensor at the static position was evaluated using a simple non-linear
regression. The 45 gamma-ray output readings of K-40 and the corresponding measured
Ka values were fit to different polynomials, and the best fit that resulted in the highest R2,
was a third order non-linear polynomial function (3DPF), which allowed the calculation of
Ka values in (mg 100 g−1), as a function of the static and on-the-go measured K-40 (%).
2.4.2. Multivariate Analysis
A gamma-ray spectral dataset was established from measurements carried out at the
three sampling fields and the target VH field. The Ka models were developed for the target
field (e.g., VH field) in this study, based on the following data sets (Table 1):
I Dataset collected from the VH field only, using the W-shape sampling method in
Figure 3. This dataset was designated as single (target) field (SF) (n = 45),
II Dataset combining samples from two fields, e.g., 45 samples from the VH field
and 5 samples from the Bottelare field. This dataset was designated as single field-
combined with Bottelare field (SF-CB) (n = 50 samples).
III Spiking of soil samples from the VH field (25 samples) into the soil spectral library,
collected from Bottelare and other three fields. This dataset was designated as single
field-spectral library (SF-SL) (n = 138 samples).
The gamma-ray spectra were used instead of the sensor output reading of K-40 (%) to
develop the PLSR calibration model of Ka. Before, PLSR, the gamma-ray spectra were first
subjected to pre-processing. First, noise was removed at both edges of each spectrum, by
cutting the spectra to 1000–3113 keV. Then, spectra were subjected to first derivation using a
gap derivative [30], with a second-order polynomial approximation and windows of 5 keV.
Finally, maximum normalization was followed, which is typically used to transform all
data to approximately the same scale, or to obtain a more even distribution of the variances
and the average values. The pre-processing of gamma-ray spectral data was carried out
using prospectr-R package [31].
The pre-processed spectra were pulled together with the measured Ka in one matrix,
and the output matrix was subjected to PLSR. PLSR is a widely used multivariate analysis
method in spectroscopy, which was introduced by Wold et al. [32]. The algorithm uses a
linear multivariate model to relate two data matrices, namely, the predictor variables, X
(Gamma-ray spectra), and the response variables, Y (Ka). Information in the original X
data is projected onto a small number of underlying orthogonal (“latent”) variables called
latent variables. The processed gamma-ray spectra with 470 variables were used in this
study. PLSR with leave-one-out cross-validation (LOOCV) was used to relate the variation
in a single-component variable (Ka) to the variation in a multi-component variable (e.g.,
gamma-ray spectral variables), using the package “pls”, available in R software (R Core
Team, 2013). The optimal number of latent variables was determined as the number of
factors that resulted in the smallest root mean square error of cross-validation (RMSECV)
and highest R2. Three PLSR analyses were run for the three calibration sets, namely,
SF, SF-CB and SF-SL, and the quality of the output was compared to determine the best
performing dataset.
2.4.3. Evaluation of Model Accuracy
Model accuracy for predicting Ka content was evaluated by means of R2, RMSECV,
ratio of prediction deviation (RPD) (standard deviation of laboratory measured values
divided by RMSE) and the ratio of performance to interquartile distance (RPIQ). In general,
a good model prediction should correspond to high R2, RPD and RPIQ, and low RMSECV
values. In particular, the model classification criterion adopted in this study were based
on RPD values, which were divided into six classes: of excellent (RPD > 2.5), very good
(RPD = 2.5–2.0), good (RPD = 2.0–1.8), fair (RPD = 1.8–1.4), poor (RPD = 1.4–1.0), and very
poor model (RPD < 1.0) [33].
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2.5. Development of Measured and On-The-Go Predicted Ka Map
Three types of soil maps have been produced, namely, a map of the measured Ka
(n = 45), a map of on-the-go gamma-ray predicted Ka, resulted from the 3DPF, and a
map of on-the-go predicted Ka, resulted from PLSR. In addition, the K-40 map was also
developed and compared with the other three maps detailed above. Maps were developed
with ArcGIS version 10.5 software (ESRI, Redlands, CA, USA) with kriging after semi-
variograms analysis.
2.6. Development of K2O Fertilizer Recommendation Maps
Using the on-the-go predicted Ka values of all measured points, maps for K2O fertilizer
recommendations were developed, using ArcGIS 10.5 software (ESRI, Redlands, CA, USA).
Based on data of the measured Ka (n = 45), the formula (Equation (1)) for potassium
fertilization recommendation was derived from the obtained correlation (R2 = 0.97) between
Ka values in mg 100 g−1 and the recommendation in K2O in kg/ha, adopted by the soil
survey of Belgium.
K2O = −0.0882Ka2 − 1.8183Ka + 322.3 (1)
3. Results
3.1. Soil and Spectral Analysis
The descriptive statistics of the measured soil properties are presented in Table 1.
Results showed rather small variability within the target field (SF dataset), with rather
small ranges between minimum and maximum values of all soil properties. For example,
Ka content ranged between 19 mg 100 g−1 and 52 mg 100 g−1. This is also the case for
Ka content of both SF-CB and SF-SL datasets that have small range with slightly lower
minimum value of 10 mg 100 g−1 for SF-SL dataset. TOC varied between 0.8% and 2.0%,
which also reflects the small variability of the silt loam soil texture. The measured K-40
ranged between 0.1% and 1.1% with average and standard deviation values of 0.47%
and 0.16%, respectively (Table 1). The range and average values fall within the lowest
range of those measured at a global scale (0.14–5.4%, and 0.2–5.2%), reported by other
authors [34,35], and are almost one third of the world average values of 1.3% [36].
The correlation analysis between the measured soil properties and the sensor data are
shown in Figure 4. The highest positive correlation (p < 0.001) was observed between Ca
and Mg (Pearson correlation coefficient (r) = 0.95), followed successively by correlations
between pH and Mg (r = 0.93), pH and Ca (r = 86) and Ka and P (r = 0.88). The correlation
between Ka and other soil properties (e.g., pH, Mg, Ca, and Na) are very weak, except
for TOC (r = 0.47). Another moderate correlation was observed between TOC and P
(r = 0.55). The correlation between K-40 and Ka, P, and TOC were moderate but significant
(p < 0.001), with r values of 0.69, 0.61, and 0.47, respectively. Very weak positive and
negative correlations were observed between U-238 and the measured soil properties, and
the same was observed for Th-232 data. Likewise, negative moderate correlations were
observed between the first three principal components (PCs), obtained from a principal
component analysis (accounting for 99% of variations in the spectral data) and the measured
Ca, Mg, and pH values, while the correlations between PCs and Ka were very weak
(Figure 4).
3.2. Modeling Results with the Univariate and Multivariate Analyses
3.2.1. Univariate Regression Analysis
Different types of polynomials were tested, and the best performing one in terms of
the highest R2 was chosen. The highest R2 of 0.69 was obtained with the 3DPF, as shown in
Figure 5.
3.2.2. Multivariate Analysis
The PLSR calibration method considered in this study provides different prediction
accuracies of the Ka, according to different dataset used (Table 2). The scatterplots for
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the measured versus predicted values are shown in the Figure 6. Examining Table 2 and
Figure 6, one can conclude that the best result is achieved based on the SF dataset with
R2 = 0.85, RMSECV = 2.29 mg 100 g−1, RPD = 2.67 and RPIQ = 2.61. Using the additional
five samples from the Bottelare field (SF-CB) does not improve the accuracy but on the
contrary, the accuracy deteriorated (R2 = 0.70, RMSECV = 3.4 mg 100 g−1, RPD = 1.82 and
RPIQ = 1.69). The poorest modeling results were obtained with the SF-SL dataset with
R2 = 0.27, RMSECV = 6.07 mg 100 g−1, RPD = 1.18, and RPIQ = 1.27.
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Table 2. Cross-validation results obtained from partial least squares regression (PLSR) analysis for
the prediction of available potassium (Ka) (mg 100 g−1), using samples collected from different
gamma-ray spectral datasets: (a) SF (single (Voor de Hoeve) target field), (b) SF-CB (45 samples from
SF + 5 samples from Bottelare field), and (c) SF-SL (25 samples from Voor de Hoeve target field +
113 samples from Bottelare field and the other three fields).
Data Set RMSECV (mg 100 g−1) R2 RPD RPIQ
(a) SF 2.29 0.85 2.67 2.61
(b) SF-CB 3.40 0.70 1.82 1.69
(c) SF-SL 6.07 0.27 1.18 1.27
Note: RMSECV is root mean square error in cross-validation; RPD is ratio of prediction deviation; and RPIQ is
ratio of performance to inter-quartile range.
Sustainability 2021, 13, x FOR PEER REVIEW 10 of 18 
 
 
Figure 6. Scatter plot of cross-validation results of measured available potassium (Ka) against pre-
dicted values based on partial least squares regression (PLSR) analysis using samples collected 
from different gamma-ray spectral datasets: (a) SF (single (Voor de Hoeve) target field), (b) SF-CB 
(45 samples from SF and 5 samples from Bottelare field) and (c) SF-SL (25 samples from SF + 113 
samples from Bottelare field and other three fields). Regression coefficients plots are shown for the 
three datasets, respectively, in (d–f). 
Table 2. Cross-validation results obtained from partial least squares regression (PLSR) analysis for 
the prediction of available potassium (Ka) (mg 100 g−1), using samples collected from different 
gamma-ray spectral datasets: (a) SF (single (Voor de Hoeve) target field), (b) SF-CB (45 samples 
from SF + 5 samples from Bottelare field), and (c) SF-SL (25 samples from Voor de Hoeve target 
field + 113 samples from Bottelare field and the other three fields). 
Data Set RMSECV (mg 100 g−1) R2 RPD RPIQ 
(a) SF 2.29 0.85 2.67 2.61 
(b) SF-CB 3.40 0.70 1.82 1.69 
(c) SF-SL 6.07 0.27 1.18 1.27 
Note: RMSECV is root mean square error in cross-validation; RPD is ratio of prediction deviation; 
and RPIQ is ratio of performance to inter-quartile range. 
Figure 6. Scatter plot of cross-validation results of measured available potassium (Ka) against
predicted valu s based on partial least squares regression (PLSR) analysis using samp s collected
from different gamm -ray spectr l da asets: (a) SF (single (Voor de Hoeve) target field), (b) SF-
CB (45 samples from SF and 5 samples from Bottelare field) and (c) SF-SL (25 samples from SF +
113 samples from Bottelare field and other three fields). Regression coefficients plots are shown for
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3.3. Soil Maps
The collected soil samples (45) from the target HV field that were analyzed for Ka
(Figure 7a) were used to develop the map of measured soil Ka (Figure 7b). This map was
classified into six classes from a minimum of 19 mg 100 g−1 to a maximum of 52 mg 100 g−1,
based on the geometric interval classification method. The same classification method was
applied for all maps in order to allow for spatial comparison to be made. The measured Ka
map shows the highest concentration at the western part of the field and this gradually
decreases towards the eastern part.
Sustainability 2021, 13, x FOR PEER REVIEW 11 of 18 
 
3.3. Soil Maps 
The collected soil samples (45) from the target HV field that were analyzed for Ka 
(Figure 7a) were used to develop the map of measured soil Ka (Figure 7b). This map was 
classified into six classes from a mini um of 19 mg 100 g−1 to a maximum of 52 mg 100 
g−1, based on the geometric interval classification method. The same classification method 
was applied for all maps in order to allow for spatial comparison to be made. The meas-
ured Ka map shows the highest concentration at the western part of the field and this 
gradually decreases towards the eastern part.  
 
Figure 7. Soil maps of the target field: (a) locations of physical soil samples collected (b) map of 
laboratory measured soil available potassium (Ka), (c) map for gamma-ray potassium (K-40), (d) 
on-the-go predicted map of Ka based on third order polynomial function (3DPF), and (e) on-the-
go predicted map of Ka based on partial least squares regression (PLSR) model. 
3.3.1. Map of Measured Soil K-40 from Gamma-Ray Spectrometer Output 
The number of on-the-go measured points in the target HV field of the 8.4 ha area is 
3291, which is much larger than the number of points used in measured Ka (45 points), 
shown in Figure 7b. The on-the-go measured K-40 in Figure 7c shows six classes that range 
from 0 to 1.1%. The spatial distribution of K-40 is similar to that of the laboratory meas-
ured Ka, shown in Figure 7b, in that the zones in the field with high values of K-40 align 
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3.3.1. Map of Measured Soil K-40 from Gamma-Ray Spectrometer Output
The number of on-the-go measured points in the target HV field of the 8.4 ha area is
3291, which is much larger than the number of points used in measured Ka (45 points),
shown in Figure 7b. The on-the-go measured K-40 in Figure 7c shows six classes that
range from 0% to 1.1%. The spatial distribution of K-40 is similar to that of the laboratory
measured Ka, shown in Figure 7b, in that the zones in the field with high values of K-40
align with those with high concentrations of the laboratory measured Ka. It is clearly
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demonstrated, and in-line with the measured Ka map, that the highest K-40 concentration
is in the bottom side of the western part of the field, and this gradually decreases towards
the eastern end. Compared to the ECa map shown in Figure 3, one may observe spatial
similarity, which is encouraging to suggest the potential use of the on-the-go gamma-ray
technique for future mapping of not only Ka but perhaps, soil variability and texture, which
is also reported in the literature as being possible.
3.3.2. On-The-Go Predicted Maps of Ka
Based on the 3DPF model in Figure 5, the on-the-go predicted Ka values are used
to develop the on-the-go maps shown in Figure 7d, using all 3291 on-the-go collected
readings. The spatial distribution is similar to those of K-40 (Figure 7c) and ECa maps
(Figure 3). Most importantly, the spatial distribution of Ka is also similar to that of the
measured map of Ka (Figure 7b). Again, the concentration of Ka increases from the eastern
side towards the western side of the field, and is attributed to the increase in slope along
this direction. It can also be noticed that a similar spatial distribution pattern of PLSR
predicted by on-the-go Ka map—shown in Figure 7e—is observable not only in the on-
the-go predicted map based on the 3DPF model, shown in Figure 7d, but also in the
measured Ka map in Figure 7b. This is also in agreement with the spatial distribution of
the ECa map shown in Figure 3. The spatial similarity of the measured versus predicted
maps is, indeed, encouraging and suggests that the gamma-ray sensing technology holds
promising potential for the measurement and mapping of Ka, if a proper sampling strategy
is followed, where the sampling area (e.g., 10 m by 10 m) matches the active area, over
which the natural radioactive electromagnetic waves are collected by the gamma-ray sensor
during measurement.
3.4. Fertilization Recommendation
The amount of K2O fertilizer calculated by Equation (1) for different methods of Ka
measurement is shown in Figure 8 and Table 3. This table compares recommendations
for K2O between the laboratory measurement versus on-the-go predicted Ka. Table 3 also
compares the calculated on-the-go K2O recommendation based on the 3DPF prediction
versus PLSR prediction of Ka. Results show that the amount of K2O recommended based
on the on-the-go predicted Ka with 3DPF is very similar (216.0 kg/ha or 1814.4 kg/field)
to that of the measured Ka (217.2 kg/ha or 1824.5 kg/field). Only a slight decrease in
the amount of recommended K2O of about 10.1 kg/field, is calculated, as compared to
the homogeneous rate recommendation with the measured Ka. On the other hand, the
recommendation based on the PLSR prediction has resulted in slightly higher amount of
K2O of 218.7 kg/ha or 1837.0 kg/field. The PLSR recommendation (Figure 8b) was larger
than that of the polynomial recommendation (Figure 8a).
Table 3. The amount of K2O fertilizer needed per hectare and per field calculated for different method








Traditional soil analysis Homogeneous rate 217.2 1824.5
Third order polynomial function (3DPF) Variable rate 216.0 1814.4
=Partial least squares regression (PLSR) model Variable 218.7 1837.0
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4. Discussion
4.1. Univariate Analysis
The moderate correlation (e.g., r = 0.69) between K-40 and Ka obtained in the current
study using 3DPF is expected and can be attributed to the dominant light soil texture
(silt loam). Dierke and Werben [18] found a similar significant correlation between Ka
and K-40 (r = 0.67, p < 0.05) in a cropping field with light sandy soil in Corrigin, Western
Australia, concluding that K-40 can provide accurate estimates of Ka. The result of the
univariate analysis is in line with the result reported by Dierke and Werben [18], using
ordinary least squares regression of the logarithms transformation of Ka and K-40 with
regression coefficient (rho) of 0.64. A higher correlation between Ka and K-40 (r2 = 0.93)
has been reported by Wong et al. [14] and Pracilio et al. [15] for dry soils with a high range
of clay content (around 35–37%) in Western Australia. However, Dierke and Werben [18]
have found no correlation between K-40 and Ka in a site located at Saxony-Anhalt, central
Germany, with a low range of Kt content (2.3–2.45%), concluding that K-40 could be a
useful par meter for the estimatio of Ka in soils, if Ka is a major proportion of the Kt. This
indicates that successful u ivariate correlations between Ka and K-40 will depend mainly
on th degree of variability in a field in addition to soil texture. A global correlation should
be attempt d to account for the different range of variability and soi types.
Sev ral factors can influence the accuracy of gamma-r y measurements, such as soil
moisture content (MC), air temperature, and background radiation [5]. Generally, high
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MC with increased soil bulk density can decrease the radiation flux, especially in K and
Th decay series [37]. Water causes attenuates of radiation, and an increase in MC of 1%
due to rainfall will decrease the measured nuclide concentration by the same amount [38].
Moreover, a negative linear relationship exists between MC and the measured nuclide
concentration [39]. Therefore, summer (high temperature and dry soil) is the most suitable
time to obtain the maximum gamma radiation from the soil. Furthermore, it is also
recommended to avoid gamma-ray measurement directly or closely after irrigation, as the
proportion between K-40 and Ka may well be significantly affected and this effect will also
affect the univariate relationships established between K-40 and Ka.
4.2. Multivariate Analyses
Better results were obtained with the multivariate PLSR analysis, compared to the
3DPF model. The results obtained show the potential of the on-the-go gamma-ray for the
prediction of Ka, even when a limited number of soil samples are used. However, results
of the combined data set (SF-CF) of two fields illustrated in Table 2 and Figure 6b show
deterioration of model prediction accuracy. This can be attributed to the fact that samples
were collected from two different fields. Although the model developed for Ka based on the
spiked data set (SF-SL), shown in Table 2 and Figure 6c, used the largest number of samples
(138 samples), this model resulted in the poorest performance, which can be attributed to
the different method of collecting soil samples in the target field (SF), compared to that in
the three sampling fields. In the target field, each sample was a composite sample of five
sub-samples collected with a W-shape sampling scheme (Figure 3) over 10 m by 10 m cells,
whereas in the three sampling fields, a sample was collected along a 1.2 m travel distance
of the sensor. The latter sampling mode (SF-CB and SF-SL) resulted in misrepresentation of
the actual K-40 value, as the sensor collects natural radioactive waves over an area of about
10 m by 10 m. This miss-match of the sampling area suggests the need to collect a composite
sample that is representative of the entire area of a corresponding cell (e.g., attainable with
a W-shape sampling scheme), from which the gamma sensor collects magnetic waves over
the same area.
Adopting the RPD classification system proposed by Viscarra Rossel et al. [33], reveals
that the results of SF-PLSR model is excellent (RPD = 2.67), while the performance of the
SF-CB and SF-SL are good and poor, respectively. The results of the SF model are better
that those reported by Viscarra Rossel et al. [10] using bagging-PLSR at two different sites
in New South Wales, Australia. They reported R2, RMSECV and RPD values of (0.61–0.03),
83.6–228.7 mg kg−1 and 1.63–0.93, respectively. From the current results, it seems that more
research will be necessary to use a larger number of soil samples collected with a W-shape
in the PLSR analysis, and that an independent validation set with samples not used in the
calibration set (cross-validation) should be used to test the model accuracy and robustness.
The composition of parent material (e.g., mineralogy and geochemistry) and its weath-
ering conditions affect the concentration of K-40, Th-223, and U-238 in soils [10]. Unfortu-
nately, no data on the geochemistry and mineralogy of the soils of the studied fields are
available. However, we can speculate that good calibrations were obtained for Ka content
because of chemical weathering of K-feldspars minerals [40,41]. Additionally, Kt content
is high due to the frequently applied K2O fertilizer in the target field. The positive PLSR
regression coefficients peaks at 1460, 1760 and 2720 keV (Figure 6d–f) were obtained at
energies that correspond to K-40, U-238 and Th-223, respectively, and are attributed to
the fact that these elements are adsorbed onto clay particles and Fe oxides [10,42]. It can
be clearly seen in Figure 6d that the largest positive peak is at around 1600 KeV, which is
near the K-40 band at 1760 keV. The second largest positive correlation is around 2720 keV
(Figure 6d), which is associated with the Th-223 band at 2600 keV. The regression coefficient
peaks of the SF dataset are the largest (Figure 6d), compared to those of SF-CB (Figure 6e)
and SF-SL (Figure 6f) sets, confirming the SF to be the best performing dataset in the
current study.
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It can be assumed that the correlations between K-40 and Ka vary depending on
several factors including soil texture and pH. For PLSR, this is not an issue as K-40 was not
used as a predictor, while for the univariate analysis this will be an issue and the degree
of correlation between K-40 and Ka will affect the prediction results of Ka. In case the
univariate analysis does not provide accurate correlations between K-40 and Ka, the PLSR
can then be used.
4.3. Soil Maps
The measured Ka map shows the highest concentration at the western part of the field
and this gradually decreases towards the eastern part. This gradual decrease is attributed
to the slope that increases from the eastern part towards the western part of the field,
indicating the potential wash of soil nutrients, including Ka, into the bottom western end of
the field. However, the spatial distribution of the measured Ka is not greatly detailed, since
the number of physical soil samples taken from the field is much less (e.g., 45 samples),
compared to the on-the-go collected gamma-ray readings (3291) to be discussed below.
Additionally, the spatial distribution of soil samples collected for laboratory analyses was
not homogenous across the entire area of the field, which also affects the spatial distribution
of Ka, something one should keep in mind when comparing the measured Ka map with
the corresponding on-the-go predicted maps.
It is clearly demonstrated and in-line with the measured Ka map, that the highest
on-the-go measured K-40 concentration is in the bottom side of the western part of the field,
and this gradually decreases towards the eastern end. Compared to the spatial distribution
of the measured ECa, one may observe spatial similarity, which is encouraging to suggest
the potential use of the on-the-go gamma-ray technique for future mapping of not only
Ka, but perhaps, soil variability and texture, which is also reported in the literature to be
possible [12].
The spatial distribution of predicted Ka concentrations is similar to those of the
measured Ka and K-40 values. The concentration of Ka increases from the eastern side
towards the western side of the field, and is attributed to the increase in slope in this
direction. It can also be noticed that a similar spatial distribution pattern exists between
the PLSR predicted on-the-go map, the 3DPF predicted on-the-go map, and the measured
Ka. This is also in agreement with the spatial distribution of the ECa map. The spatial
similarity of the measured versus predicted maps is encouraging indeed and suggests that
the gamma-ray sensing technology holds promising potential for the measurement and
mapping of Ka, if a proper sampling strategy is followed, where the sampling area (e.g.,
10 m by 10 m) matches the active area, over which the natural radioactive electromagnetic
waves are collected by the gamma-ray sensor during the on-the-go measurement.
4.4. Fertilization Recommendation
It was noticed that the Ka maps derived from the on-the-go gamma-ray survey
highlighted large areas of the field with relatively low Ka concentrations (Figure 7). An
inadequate provision of Ka can influence the harvests of previous crops. Additionally,
zones with a high concentration of Ka may receive over application of K2O if homogeneous
fertilization is implemented. In fact, the homogeneous fertilization rate in the entire
field will result in under- or over-application, hence, variable rate K2O fertilization can
potentially optimize the amount of K added according to the crop need, where and when it
is needed. This hypothesis was tested in this study.
The recommended amount of K2O, calculated based on the measured Ka using labo-
ratory wet chemistry, was very similar to that predicted with both the 3DPF model and
the PLSR model. However, the recommendation based on the PLSR prediction would
consume a higher amount of K2O, than the other two methods. It is worth noting that
the best performing PLSR model of the SF dataset was developed with a relatively small
number of samples (45 samples), collected with the W-shape sampling scheme over a 10 m
by 10 m area. This means that more samples (collected with the W-shape mode covering
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the entire cell area of 10 m by 10 m) should be added to increase the size of the calibration
dataset to reach the requirement for a robust PLSR prediction model. Additionally, it is
recommended that the PLSR model is validated independently by dividing a larger dataset
into a calibration set and a validation set, a common practice adopted in spectral analyses
in the literature. Due to the limited resources this was not possible in the current project,
and a further study should be undertaken to complete this objective.
5. Conclusions
In this study, a gamma-ray spectrometer with a 4 L NaI(Tl)-crystal, automatic peak-
stabilization detector was evaluated for the prediction and mapping available potassium
(Ka) in a silt loam field of 8.4 ha area. Two models were used to predict Ka across the
field, namely, a simple third order polynomial function (3DPF) and a partial least squares
regression (PLSR). Results indicated that gamma-ray spectrometry holds promising po-
tential to measure Ka, if a correct sampling scheme is adopted. The best sampling scheme
in this study was the W-shape sampling method, covering 10 m by 10 m area, the same
size of area, over which the passive gamma-ray electromagnetic waves were collected. The
number of samples has little influence, compared to the method of sampling. Although
a relatively small number of samples (45 samples) were used for the development of the
best performing PLSR calibration model of the single field dataset (based on W-shape
sampling method), the cross-validation analysis resulted in a very good performance with
a coefficient of determination (R2) of 0.85, a ratio of prediction deviation (RPD) of 2.67,
a root mean square error of cross-validation (RMSECV) of 2.29 mg 100 g−1 and a ratio
of performance to interquartile distance (RPIQ) of 2.61. Adopting the W-shape sampling
method is suggested, using a larger number of soil samples in order to develop a robust
PLSR calibration model of Ka. The model should be validated independently, by using
samples that are not used in the calibration stage.
The observed clear similarity between the laboratory measured and both on-the-go
predicted Ka maps with the 3DPF polynomial and PLSR models proves that both models
are in agreement and both are valid to predict Ka at the field scale. Recommendation
maps of K2O fertilization also show similarity between both methods with no significant
difference in the amount of fertilizer used. However, in order to evaluate the economic and
environmental benefits of site specific K2O applications based on the gamma-ray survey,
agronomic, cost–benefit and environmental analyses will all be needed to optimize the
method to predict Ka with gamma-ray spectroscopy.
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